In this work, we investigated a new approach for identifying humans using VCG. Firstly, we extracted 21 features from the derived vectorcardiogram (dVCG). Because it takes impractical time for personal identification to use all 21 features and there are some redundant features that do not contribute to the classification performance, we adopted the Relief-F algorithm to improve the computational efficiency and remove possible redundant features. Finally, we performed personal identification using a Support Vector Machine (SVM).
Materials and Methods

Data Acquisition
Ten healthy volunteers were enrolled in the study, and a standard 12-lead ECG data recording was made for each subject. Each recording was 10s long, and was performed when the subject was at rest. Data acquisition was carried out at a sampling speed of 500 samples per second using a CardioTouch (Bionet Co., Korea). The recordings were performed approximately one hundred times for each subject over a three-month period.
Derived VCG
VCG have been widely investigated in the diagnosis of heart diseases, such as atrial fibrillation [5] , premature ventricular contraction [6] , and early ventricular repolarization [7] . The electrode positions of a Frank lead VCG are different from those of a 12-lead ECG, and must first be deduced by the recording technicians. Furthermore, using a Frank lead VCG in addition to a 12-lead ECG requires two recordings instead of one, and consequently increases the cost. Therefore, a method for calculating VCG from a conventional 12-lead ECG is more appealing [5], [8] .
The derived VCG (dVCG) was calculated from each ECG using a method based on inverse Dower matrix [9] . Each of the orthogonal leads, X, Y, and Z, used to plot the VCG were linear combinations of the eight independent leads (I, II, and V1-V6) of a standard 12-lead ECG.
The dVCG in three-dimensional space, showing the frontal (XY) plane, the horizontal (XZ) plane, and the sagittal (YZ) plane of a subjects' standard 12-lead ECG is shown in Fig. 1 . As shown in Fig. 1 , the frontal plane provides useful information, such as shape and direction, and it is less complicated. Therefore, we used the dVCG in threedimensional space and the frontal plane. In the frontal (XY) plane, the large vector loop (the QRS vector loop) represents the QRS complex and the small vector loop (the T vector loop) represents the T wave of the ECG. The QRS and T vector loops are denoted by the solid and dashed lines in the XY plane, respectively.
Detection of the QRS Complex and T Wave
Detection of QRS complex and the T wave are required to calculate separate QRS and T vector loops. To detect the QRS complex, we used the QRS detection algorithm developed by Hamilton and Tompkins [10] . To detect the T wave, we used the QRS complex and the magnitude of the dVCG. The shape of the magnitude of the dVCG can be segmented into QRS and T wave regions. Therefore, we could easily VCG in addition to a 12-lead ECG requires two recordings instead of one, and consequently increases the cost. Therefore, a method for calculating VCG from a conventional 12-lead ECG is more appealing [5] , [S] .
The derived VCG (dVCG) was calculated from each ECG using a method based on inverse Dower matrix [9] . Each of the orthogonal leads, X, Y, and Z, used to plot the VCG were linear combinations of the eight independent leads (I, II, and V1-V6) of a standard 12-lead ECG.I
Detection of QRS complex and the T wave are required to calculate separate QRS and T vector loops. To detect the QRS complex, we used the QRS detection algorithm developed by Hamilton and Tompkins [10] . To detect the T wave, we used the QRS complex and the magnitude of the dVCG. The shape of the magnitude of the dVCG can be segmented into QRS and T wave regions. Therefore, we could easily Fig. 1 The dVCG which was calculated using inverse Dower transform. In the XY plane, the solid and dashed lines denote the QRS and T vector loops, respectively. Table 1 The 21 features extracted from the dVCG.
separate the T wave interval by excluding the QRS region in the magnitude of the dVCG.
Feature Extraction
Data were acquired from each subject in 10s periods, and usually contained 10 or more beats. Since the dVCG data taken from all those beats produced similar patterns, the average values were taken from each beat's dVCG trace. Twenty-one features were extracted from the dVCG data. Three features arose from the three-dimensional (3D) space, seven came from each QRS vector loop and T vector loop, and the others were the differential or proportional values obtained from the QRS and T vector loops. These 21 features are listed in Table 1 .
Identification Using SVM and Relief-F Algorithm
We performed feature selection using the 
Results
To compare our proposed and a conventional ECG method, 14 features were extracted from the ECG, and these features were obtained from a conventional personal identification method utilizing the ECG. These features include: the PR interval (PRint), the P amplitude (Pamp), the P-wave duration (Pdur), the Q amplitude (Qamp), the Q-wave duration (Qdur), the R amplitude (Ramp), the R-wave duration (Rdur), the S amplitude (Samp), the S-wave duration (Sdur), the QRS duration (QRSdur), the QRS amplitude (QRSamp), the T amplitude (Tamp), the ST amplitude (STamp), and the QT interval (QTint). These features are measured by the CardioTouch. The Relief-F algorithm was applied to these 14 features and the results obtained are shown in Table 2 . Note that the notation w(f) is the output from the Relief-F algorithm, which means the relative importance of the features in terms of the ability for increasing the inter-class difference and the intra-class similarity. The foremost values were the P amplitude and QRS amplitude, along with the S amplitude and the S duration. We performed a classification using a linear SVM employing the pairwise coupling method in our experiments, and compared the 10-fold cross validation accuracy by eliminating the lowest-ranked features one-by-one. The results are denoted by the dashed line in Fig. 2 . The recognition rate using the 14 features was 96.41%, and the rate decreased as the number of features decreased. When we used eight features, the recognition rate was 93.31%.
The 21 features extracted from the dVCG were ranked using the Relief-F algorithm, and are shown in Table 3 . The highest values were the angle of the maximum peak value in the T vector loop and the angle of the major axis in the T vector loop. Next were the values of the length and the angle of the major axis in the QRS vector loop, followed by the length of the minor axis in the QRS vector loop and the size of the QRS vector loop. The difference between the size of the QRS and T vector loops came next. In the movement of the heart, the most dominant factor is the depolarization and repolarization of the ventricles. These were reflected in QRS and T waves. Because the repolarization takes longer time than depolarization, the morphology of T might influence more than QRS in classification.
The solid line in Fig. 2 shows that the recognition rates obtained using the specific 21 features extracted from the dVCG. These were processed using the same method used in the ECG personal identification. It shows that a recognition rate of 99.53% was achieved using all 21 features and a recognition rate of 99.07% was achieved using only the top eight ranked features. This suggests that by using only eight out of the 21 features, we can adequately produce an Table 2 Rank of the 14 features extracted from the ECG. 
Conclusions
We have studied a new approach for human identification using dVCG that can provide the spatial information of ECG. To identify a person by their spatial features extracted from a dVCG, we used a linear SVM as a classifier and calculated a 10-fold cross validation. The results show that by using only eight features, we can adequately produce an acceptable recognition rate and that a spatial ECG, such as a dVCG, can provide more defining features than those obtained using conventional temporal methods. Therefore, dVCG may be much more feasible in biometric recognition applications.
In this study, the standard 12 leads were used to acquire the dVCG, which will be somewhat troublesome to apply in the real world. However, the final results suggest that since the seven primary features were all taken from the XY plane, it may be possible to utilize only three leads instead of 12.
Further studies should include a reduction in the number of leads, and the stability of the dVCG with changes in the subject's various physical conditions, such as during exercise, drinking, and smoking. 
